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Abstract 

 
This study contributes to the empirical analysis of specific distances in knowledge spillover 
effects. We propose a geographical distance-based approach to precisely measure the proximity 
of knowledge spillover from a university's research activities to high-tech startups in 
surrounding regions. Most current research measuring knowledge spillover typically use states 
and cities as the statistical caliber, making it difficult to capture the exact extent of knowledge 
spillover within cities. In this study, we constructed panel data for Japan for 1998-2018 by 
dividing the research area into 1*1 km2 meshes and geocoding firms (high-tech startups and 
firms without patents), university patents, and paper data, and subsequently using each mesh 
as the basic unit. Additionally, variables containing geographical proximity information were 
calculated by constructing multiple buffers for each mesh. Our findings show that i) the 
spillover effects of university research attenuate with distance - rapidly within a 2 km range, 
and slowly thereafter; and ii) patents are more private and localized than papers. The 
knowledge spillover effect of university patents attenuates more rapidly with distance. 
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1. Introduction 
 
Innovation is an important force that drives a country forward. After the global shock of 
COVID-19 in 2019, there has been an urgent need for countries to restimulate their economies 
and accelerate high-quality economic development. Among these, innovation-driven local 
development has become the consensus of national governments, and local governments in 
each country have formulated local development strategies around the goals of innovation-
driven and advanced industrialization. Among them, creating “local quality” and improving 
local innovation environment are crucial to the next development of the region (Florida, 2003; 
Chaytor et al., 2021). 
 
Universities profoundly influence the local innovation environment as an important component 
of the local quality and innovation talent cultivation base (Ponds et al., 2009; Rodriguez-Pose 
and Crescenzi, 2008; Schubert and Kroll, 2016). From a mechanistic perspective, universities 
promote regional innovation through three channels: the feeding and feedback effect of 
university R&D funding (Guan and Chen, 2012; Lu et al., 2014), human capital effect (Collins 
and Smith, 2006; Barringer and Milkovich, 1998; Eriksson and Forslund, 2004) and 
transformation mechanism of industry and university research (Santoro and Chakrabarti, 2002; 
Andersson et al., 2009). To explore whether and to what extent knowledge spillover from 
universities as the source of knowledge affects regional innovation capacity, it is helpful to 
explore the path of regional innovation and economic development from the perspective of 
university research output (Laursen and Salter, 2004; Fuentes and Dutrenit, 2016; Sanchez-
Barrioluengo and Benneworth, 2019). 
 
Many studies offer clues about university’s impact on local economy conducting empirical 
analyses of cities or states, such as metropolitan statistical areas (MSAs) (Anselin et al., 1997; 
Varga, 2000; Bonaccorsi et al., 2014). However, Rodríguez and Crescenzi (2008) and Youtie 
and Shapir (2008) found that the spillover effect of university innovation will be enhanced with 
the shrinking of geographical scale by applying the new economic geography analysis. When 
the spatial spillover effect impacts the spatial clustering of university innovation, it can be 
refined into external (other regions) and internal (local) spillovers. Thus, traditional MSA-
based approaches for exploring knowledge spillovers from university research cannot capture 
spillover effects at smaller scales, such as within cities. 
 
This study takes a step toward bridging this gap by proposing a distance-based approach to 
estimate to what extent does universities as a source of knowledge affect regional innovation. 
We address the geographic proximity of university spillover effects by examining the birth of 
high-tech startups in its neighborhood. The locality of “knowledge spillover theory of 
entrepreneurship” has been investigated in the past studies (Audretsch et al. ,2005; Calcagnini 
et al., 2016). While the past literature has relies on pair-wide distance information between  
university and startup firms, we take into account the spatial distribution information of 
universities as well as high-tech startups. Furthermore, we try to capture the specific extent of 
university spillovers as a source of knowledge and its intensity at different distance scales. 
 
Specifically, we estimate the determinants of the number of new high-tech startups born per 
year in each area of a 1*1 km2 mesh as a function of the technological and economic 
environment. Then we look into the marginal contribution of scientific activities at universities 
to the growth of high-tech startups in its neighbor after controlling for variety of place specific 
economic conditions.  
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As for the state of high-tech start-ups as well as local economic conditions, such as urbanization 
and localization effect of industrial activities (Rosenthal and Strange, 2003), we used the Tokyo 
Shoko Research (TSR) database, covering 1.5 million firms in Japan, which contains a wealth 
of information on the date, location, and number of employees of approximately 1.5 million 
companies, linked with the patent information of Japan Patent Office (JPO). As for the 
university activities, we use the number of research papers from Clarivate’s Web of Science 
(WOS) indexed SCIE journal papers, as well as the number of JPO patents at university 
location level. These two kinds of data are converted to 1 km mesh information, to be used for 
our econometric models.  
 
This study has two important findings. First, the spillover effect of universities as a source of 
knowledge is attenuated with increasing distance. This spillover effect is particularly strong 
locally and at the 0-2 km buffer, which is tens of times greater than the distance thereafter. This 
attenuation pattern is consistent with both the theoretical models of the internal structure of 
cities and stylized facts. Most universities are located in urban areas, and the prices of land, 
population density, and business density diminish rapidly away from urban areas. The farther 
away, the slower the decay. Second, the knowledge spillover effect of university patents is 
more private and localized than that of papers. It exhibited a more rapid and continuous 
distance attenuation pattern. This finding suggests that the disclosure of university patents is 
important for improving universities as sources of knowledge to enhance local innovation and 
regional economic development. 
 
The remainder of this paper is organized as follows: Section 2 presents the research background, 
reviewing existing research on measuring knowledge spillover effects and universities’ roles 
in regional innovation and the economy. Section 3 explains the data and methodology used. 
Section 4 presents the validation and experimental results of the proposed methodology. 
Section 5 summarizes the key findings, potential implementations, and directions for future 
research. 
 
2. Literature Review 
 
2.1. University as a Knowledge Source of Innovation 
 
According to open innovation theory, innovation knowledge originates not only from within 
firms but also from outside the enterprise. Acquisition of external knowledge has gradually 
become an important way for enterprises to realize knowledge reserves and successful 
innovation (Huizingh, 2011; Chesbrough and Appleyard, 2007; Badawy, 2011). 
 
Universities, as producers and disseminators of knowledge, are widely recognized as important 
sources of learning for firms in emerging economies (Abramovsky et al., 2007; Kim, 2004). In 
terms of driving regional innovation and economic development, universities can provide 
knowledge to firms to generate more applications for new technologies or incubate more 
innovative high-tech startups (Acs et al. 2009; Colombo et al., 2010). Unlike the internal 
knowledge owned by firms or generated through stable R&D expenditures, Smith and Bagchi-
Sen (2007) and Cohen et al. (2002) believed that external knowledge obtained from universities 
has a certain public nature and is, therefore, considered a key element in the modern open 
innovation process. Burg et al. (2014) and Cornelissen and Werner (2014) conducted empirical 
analyses and concluded that knowledge transfer can facilitate firms’ sharing and trading of 
knowledge in collaborative activities and drive the improvement of their innovation 
performance. From the perspective of knowledge flow, high-tech enterprises in regions with a 



 2 

higher degree and efficiency of knowledge spillover from universities have greater access to 
external knowledge; in other words, the regional knowledge flow rate is faster. 
 
Knowledge spillover from university research activities accumulates over time in the region, 
and this knowledge base is both a prerequisite and foundation for promoting innovation and a 
key resource for innovation (Smith et al., 2005), and determines the innovation capacity and 
capability of the region. The rich research results and knowledge base in a region can expand 
technological capabilities, increase the probability of developing and realizing new products, 
and thus incubate more high-tech startups to form high-tech industry clusters in the next step. 
Adams and James (2002) found evidence that academic spillovers are more localized than 
industrial spillovers by quantifying the location of closely linked universities and firms. 
However, it has also been argued that, although knowledge stock is a key resource for firms to 
innovate, its spillover effect of knowledge stock leads to a decrease in capital marginal 
productivity. Leonard-Barton (1992) argued that knowledge accumulation can lead to firms’ 
path dependence to the detriment of innovation, and Hass and Hansen (2004) claimed that the 
accumulation of codified knowledge has negative effects even on teams with higher task 
experience.  Bonander et al. (2016) found small or no effects of research universities on the 
regional economy by examining granting research university status to three former university 
colleges in three different regions of Sweden. Even so, university knowledge is an important 
external source of knowledge for high-tech startups and raising the average regional 
productivity of workers (Andersson et al., 2004).  
 
To some extent, university knowledge transfer reflects the knowledge stock of regional high-
tech startups in the early stages of entrepreneurship (Audretsch and Lehmann, 2005).  Cowan 
and Zinovyeva (2013) examined, on average, the opening of a new school in Italy has led to a 
7% change in the number of patents filed by regional firms. To be more precise, on the one 
hand, the level of universities is related to the sophistication of research output knowledge, as 
well as the education of human resources, which in turn affects the knowledge base and quality, 
as well as the composition and growth of human capital in the region (Castello-Climent and 
Hidalgo-Cabrillana, 2012). Besides, Barra et al. (2019) examined high-quality research in first-
tier universities has greater local knowledge spillovers than that in lower-tier universities. On 
the other hand, the reasons for the successful involvement of some universities in the creation 
and development of spin-off firms also depend on the characteristics of the supportive 
university environment and the role played by various levels within the university (Rasmussen 
and Wright, 2015). 
 
2.2. Measuring Knowledge Spillover and Geographical Proximity 
 
The study of knowledge spillover began with economists exploring externalities. In this phase 
of neoclassical economics, knowledge was included as an endogenous variable in economic 
growth models. In subsequent economic geography studies, the economic costs arising from 
the distance of knowledge spillover diffusion have attracted the attention of scholars and are 
considered important factors affecting the economic benefits of knowledge spillover. While 
the exact mechanism is not well identified, Marshall (1890) states that geographic proximity 
to knowledge facilitates the transfer of such knowledge and unplanned or serendipitous 
interactions among individuals, fostering the exchange of information among workers and 
firms. Thus, the spatial distribution of knowledge is mostly considered as an important variable 
in growth models constructed in the fields of regional economic development and intercountry 
technology diffusion research (Paci and Usai, 1999; Torre, 2006; Sonn et al., 2008).  
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Quantitative empirical studies on knowledge spillovers in the field of economics have adopted 
different approaches. The more influential ones are those on the effects of distance factors 
(including geographical distance and technological distance) related to knowledge spillover 
using the Coe-Helpman spillover model (Coe and Helpman, 1995) and the Lichtenberg- 
Potterie model (Lichtenberg and Potterie, 2001). Efforts to model knowledge spillovers from 
an economic perspective reveal the influence of distance factors but fail to account for the 
mechanisms by which geographical distance influences the knowledge spillover process. The 
management research perspective focuses on microlevel knowledge spillover processes. In 
addition to arguing that geographical factors affect knowledge spillovers, the role of social 
relationships has been emphasized. In a series of technology diffusion models (e.g., Bass 
diffusion model (Bass, 1969) and Rogers model (Rogers, 2014)), interpersonal communication 
style is introduced as the main variable, and the role of social distance in the knowledge 
spillover process has been emphasized. 
 
Before the pioneering study by Jaffe et al. (1993), the knowledge spillover process was 
considered invisible and its trajectory was difficult to detect. Jaffe found that the knowledge 
spillover process, which is considered invisible, can be revealed by observing the patent 
citation relationship, thereby making the knowledge spillover process visible. Since then, 
studies from the patent and publication citation perspective have been increasingly used as a 
way for researchers to describe the figuration of knowledge spillover. This approach has been 
confirmed in many studies in which patent citations are valid indicators as a proxy for 
knowledge flow (Jaffe and Trajtenberg, 1999; Duguet and MacGarvie, 2005). 
 
With the development of economic geography research, geographic proximity has become an 
important explanatory variable in many empirical studies, and scholars have confirmed its 
effect on knowledge spillover using data from different sources. Maurseth and Verspagen 
(2002) suggested that a greater occurrence of patent citations within the same country or 
geographic proximity between geographically close countries has a negative effect on 
knowledge flows by examining the pattern of knowledge flows between European regions. 
Gomes-Casseres et al. (2006) and Acs et al. (2009) claimed that endogenously created 
knowledge leads to knowledge spillover, enabling entrepreneurs to identify and exploit 
opportunities. Torre (2008) found that while innovation and research activities are not always 
co-located due to the mobility of individuals, geographical proximity is still essential for 
knowledge transfer. 
 
However, geographic proximity is not always efficient for knowledge spillovers. By exploring 
the interaction between industry and academia in engineering, Brostrom (2010) found that 
geographically close ties are more likely to generate innovative impulses than distant ones, and 
more likely to successfully facilitate R&D projects with short time to market. Conversely, 
geographic proximity is not as important for long-term R&D projects. Laursen et al. (2011) 
argued that the tendency for proximity to lower-level universities to reduce the tendency for 
firms to partner locally. Especially for high research and development intensive firms, they 
seem to prioritize the research quality of their university partners over geographical proximity 
Moreover, with the advancement in ICTs, it allows for real-time interaction with others across 
geographies. Head et al. (2019) observed the negative effect of greater geographical distance 
on citation patterns of mathematicians residing in the US has decreased and was statistically 
insignificant after 2004.  
 
2.3. Contributions 
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Our study contributes to extant literature on measuring the effect of geographical proximity on 
knowledge spillovers on very precise scales. Most exiting studies pay attention to capture 
spillover effects on administrative boundary, such as MSAs (Anselin et al., 1997; Varga, 2000; 
Bonaccorsi et al., 2014). Despite the efforts of many scholars to this end, such as designing 
variables including geographical information, such as the average geographic distance between 
a firm and neighboring research universities (Audretsch and Lehmann, 2005; Calcagnini et al., 
2016), which overcomes the barrier of administrative boundaries to some extent, it has never 
been possible to observe the variation in the intensity of knowledge spillover over an arbitrary 
desired distance. Our paper contributes by addressing this gap by embedding the specific 
geographical distance information into variables, which will allow us to estimate the intensity 
of knowledge spillover effects at specific distance. Additionally, according to the distance-
based approach, our work tests for existence of the clustering effect of high-tech industries and 
agglomeration economies of the kind studied qualitatively by many scholars (Saxenian, 1996; 
Rosenthal and Strange, 2003; Lechner and Leyronas, 2012; Moretti, 2021). This is a potentially 
important source of increasing returns that previous empirical work has not considered. 
 
3. Methodology 
 
3.1. Overall structure of the dataset 
 
There are two main sources of our dataset, firm level information obtained from TSR (Tokyo 
Shoko Research) database, linked with JPO patent information, and university level data for 
research papers and patents. Both of data have the address information of the location of firm 
or university, which enables us to overlay them into the common 1*1 km2 grid scale all over 
Japan.  
 
3.1.1. High-tech startups and other firms 
 
The TSR database is company level intelligence data provided by Tokyo Shoko Research. Out 
of its 2019 version data, containing around 1.5 million firms, we use the information of all 
firms with its year of establishment (1,319,065) for subsequent analysis. The dataset contains 
a wealth of information about the firm, including the date of establishment, location, business 
code number (TSR code), and number of employees. It divides all businesses into 20 broad 
categories based on business type, with the most represented categories being construction 
(27.2%), manufacturing (11.3%), wholesale and retail (19.5%), and services (10.3%). 
 
Then, we link this dataset with JPO patent information to identify whether a firm has a patent 
or not. There is the concordance table of the registration number of all entities in Japan with 
patent assignee of JPO information, provided by the Ministry of Economy, Trade and Industry 
(called gBizINFO : https://info.gbiz.go.jp/). We could identify 9,264 firms with patent, out of 
about 1.3 million firms. Finally, the location information of the company address is geocoded 
(converted to longitude and latitude coordinates) using the website of the Center for Spatial 
Information Science (CSIS), University of Tokyo, to be converted to 1*1 km2 mesh data.   
 
This data allows to construct a panel dataset of the numbers of startups with patent or not by 
year and location at mesh level, to be used for the fixed effect models, explained later. We treat 
new born firms with patents in each year as high-tech startups. The sample period of our 
analysis is 1998-2018, so that we treated 2,080 started after 1998 (out of 9,264 firms with 
patents) as high-tech startups in our econometrics model.  
 

https://info.gbiz.go.jp/
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3.1.2. University research activities 
 
In terms of research paper information by university, we use the information of Clarivate Web 
of Science (WOS), SCIE indexed journal papers from 1998 to 2018. The concordance of each 
research paper to the university with which its author is affiliated is provided by NISTEP 
(National Institute of Science and Technology Policy) at the department level. However, this 
information does not contain the location information of each department. Since there are some 
universities which has two or more campuses, it is important for us to obtain the address 
information at department level of each university. MEXT (Ministry of Education, Science and 
Technology) provides the list of addresses by the department of each university, which are used 
for us to link manually for universities with over 3000 publications. There are 65 national 
universities and 60 private and local government universities are selected. Then, manually 
checking for mergers and renaming universities leaves us a list of 121 universities, 1690 
departments, graduate schools, and affiliated research institutes, with 293 unique addresses, 
which can be used for precise geocoding at the end.  
 
Our sample covers 64.73 % (98.35% for national universities and 74.81% for private and public 
universities) of the total numbers of research papers in NISTEP concordance. The top three 
national universities in terms of total publications are the University of Tokyo (11.81%), Kyoto 
University (8.37%), and Osaka University (6.98%). Among private and public universities, 
Keio University (5.40%), Waseda University (3.37%), and Nihon University (3.37%) occupy 
the top three positions.  
 
In terms of the patents, we use JPO patent information which has university name as an 
applicant. National university started patenting after 2004, when it is incorporated to be able to 
claim its patent right as an independent entity, the patent counts by university cover the period 
between 2004 and 2018. As of 2018, there were 70,672 patents from 116 universities. Among 
them, the University of Tokyo (6.50%), Tohoku University (6.12%), Osaka University (5.09%), 
Kyoto University (4.43%), and the Tokyo Institute of Technology (4.40%) occupy the top five 
in terms of the total number of patents. In addition, national universities accounted for 79.56% 
of the total number of patents. Among private and public universities, the three universities 
with the highest total number of patents were Keio University (2.29%), Waseda University 
(1.69%), and Nihon University (1.67%). 
 
3.1.3. Sample meshes and scope of neighbor of university 
 
Now the data of both firm high-tech startups and university research activities are ready by 1:1 
km mesh in Japan, and the next step will be how to pick up the sample meshes for subsequent 
regression analysis and to how far the size of area which is affected by university activities.  
 
As for the first issue, there are 578,889 meshes existed to cover all land space of Japan (about 
370,000 square kilometers). Japan is mostly covered by mountains, and its urban space is quite 
limited. In addition, the area where high-tech startups could be located should be more 
restricted as compared to general urban area, since we know that innovation activities are more 
geographically concentrated than business activities in general (Audretsch and Feldman, 1996). 
Therefore, we use the meshes with at least one high-tech startup from 1998 to 2018.  
 
Then, we have 1,577 meshes (1,577 kilometers) where 2,080 high tech startups are located for 
the sample of subsequent regression analysis. Figure 1 shows the locations of such mesh in 
major urban areas in Japan. Tokyo, Osaka, and Aichi have a relatively large proportion of the 
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research area and tend to radiate more widely from the city center to the surrounding areas. In 
Sapporo and Fukuoka, the research areas were concentrated in major cities. More specifically, 
Sapporo, for example, is surrounded by mountains to the west; therefore, we mainly focused 
on industrial areas. 
 

------------------------------------------ 
Insert Figure 1 about here 

------------------------------------------- 
     
As for the second step, we have to decide the way to take into account the distance from 
university to have its impact on high-tech startups. Since we are interested in the attenuation 
pattern of the impact of university research by distance, we use three categories of the neighbor 
of university, (1) 1*1 km2 square area containing the university (local), (2) 5*5 km2 square 
around and outside of local (2km buffer) and (3) 15*15 km2 square around and outside of 2km 
buffer, as is the case in Rosenthal and Strange (2003), 
 
Figure 2 shows the location of each area around the headquarter campus of the University of 
Tokyo, together with sample meshes used for regression analysis (shaded red color). The solid 
line described the boarder of each ward (sub-administrative district) within the Tokyo 
metropolitan government. The University of Tokyo is located in Bunkyo-ku where one of the 
most concentrated areas by higher education institutes in Japan. Within Bunkyo-ku, a bit 
smaller than 5*5 km2 square, there are a few other universities as well. We need to select the 
size of neighbor to differentiate the impact of each university. Therefore, the observation 
neighbor should not be too large. 
 

------------------------------------------ 
Insert Figure 2 about here 

------------------------------------------- 
 
On the other hand, the observation neighbor should not be too small, since the university is 
more sparsely located in other places. (Remember, Bunkyo-ku is one of university’s most 
densely located places in Japan). Therefore, we check the distribution of the distance from the 
center of each sample mesh to its nearest university. It is found that the shares of samples mesh 
are 9.73%, 24.52% and 35.51%, for within 0.5km, 0.5km-2.5km and 2.5km-7km, respectively. 
In addition, we have found 20.58% of meshes are located more than 10 km distance from the 
nearest university. Therefore, our neighbor size (3 layers, 1*1, 5*5 and 15*15 km square) is 
supposed to be neither too large or too small for subsequent regressions covering all over Japan.  

 
3.2. Variables 
 
The variables consist of three main parts. We used the number of new high-tech startups as the 
dependent variable to measure the benefits of spillover effects from university research on 
regional innovation. The core independent variable is the number of papers or patents from 
universities, which indicates the spillover effects of university research activities. The final part 
is the control variable, which comprises of two categories. The first describes the diversity of 
industries in each region, and the second portrays urbanization and localization effects through 
the number of employees in firms with patents versus those without patents. 
 
3.2.1. Birth of new high-tech startups 
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High-tech startups depend on innovative knowledge for their incubation until there is a large 
and stable input of R&D expenditures. If there are spillovers from university research, these 
high-tech startups will also consider the distance from the university in their location selection 
to better enjoy the knowledge spillovers from university research through human resource 
interactions. Similarly, high-tech firms in the same industry will slowly cluster, and, all other 
things being equal, the birth of high-tech startups will occur where there is a concentration of 
existing employment in high-tech industries. If there are no spillovers from university research 
or agglomeration economies in high-tech industries, they tend to disperse. Therefore, our 
approach to estimating the university as a source of knowledge and the intensity of its 
knowledge spillovers focuses on the number of high-tech startups born the following year.  
 
3.2.2. University research spillover effects 
 
Our core independent variable is the number of papers and patents from universities. For each 
mesh 𝑖𝑖 , the distance from universities also varies; therefore, the spillover effect when the 
university is a source of knowledge also decreases with distance. To measure the geographical 
extent of the externalities of university research knowledge spillovers, in addition to the data 
on universities in mesh 𝑖𝑖, we counted the number of papers or patents outside the mesh using 
constructed buffers (see Figure 2). Given the time lag in the publication of papers and patents, 
we consider using the total accumulation of papers or patents over the last 3/5/10 years for 
comparisons. 
 
We created variables to count papers and patents separately (because paper data started in 1998, 
whereas patent data started in 2004). In other words, for mesh 𝑖𝑖 in year 𝑡𝑡, we counted the total 
number of papers or patents in the past 3/5/10 (ep. for the past three years, the total accumulated 
papers are from year 𝑡𝑡 − 3 to year 𝑡𝑡 − 1) on the local, 0-2 km, and 2-7 km buffers, respectively. 
 
3.2.3. Controlling variables 
 
Porter (1990) and Jacobs (2016) confirmed that regional industry diversity has a significant 
impact on a company’s location. High-tech industries prefer to recruit highly skilled employees. 
Therefore, they tend to cluster in areas with more homogeneous industries. 
 
The diversity of economic activity in each mesh 𝑖𝑖  at time 𝑡𝑡  was incorporated using the 
Herfindahl index of employment in the TSR code. We define it as: 
 

𝐻𝐻𝐻𝐻𝐻𝐻𝑖𝑖,𝑡𝑡 = 1 −� (
𝑒𝑒𝑒𝑒𝑒𝑒𝑗𝑗,𝑖𝑖,𝑡𝑡

𝑒𝑒𝑒𝑒𝑒𝑒𝑖𝑖,𝑡𝑡
)2

𝑗𝑗
 

 
𝑗𝑗 represents the different TSR codes; 𝑒𝑒𝑒𝑒𝑒𝑒𝑖𝑖,𝑡𝑡 is the cumulative total number of employees in 
mesh 𝑖𝑖 at time 𝑡𝑡, and 𝑒𝑒𝑒𝑒𝑒𝑒𝑗𝑗,𝑖𝑖,𝑡𝑡 is the cumulative total number of jobs in business 𝑗𝑗. When the 
value approaches 1, the industrial composition of the region tends to diversify, and a value 
closer to 0 indicates a monopoly of minor industries. 
 
In addition, Rosenthal and Strange (2003) use the localization effect (the employment size of 
the same industry as the one to be examined) and the urbanization effect (the employment size 
of other industries from the one to be examined) on the number of startup firms by industry. 
We have taken a similar approach, i.e., the employment size of firms with patents (localization 
effect) and the employment size of firms without patents (urbanization effect) as a controlling 
variables. We include the local (1*1 km mesh) and two types of neighbor data (two types as is 
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the same way as university patent/paper variables) in order to control for special spillover 
effects of such variables. 
 
Furthermore, the number of new firms in a region is influenced by the characteristics of the 
place, such as natural condition, climate, resources and local government attitude, so that we 
control such factors by introduced place specific (mesh level) fixed effect.  
 
3.2.5. Summary Statistics 
 
Table 1 presents the summary statistics of the sample. Our panel data cover 1,577 research 
meshes over 21 years (33,117 obs. from 1998 to 2018, whereas patent data are available from 
2004 to 2018). Moreover, Table (Appendix A) provides an example of the correlation matrix 
of the variables, which confirms that there were no covariance problems with our variables. 
 
As shown in Table 3, many of our variables were censored. Although we use pre-1998 firm 
data as initial values to describe the layout of the local industry, the increment in new high-
tech startups for each year in many regions is 0. However, we have many research meshes over 
many years; therefore, the tobit model was used for the estimation. We refer to Honoré’s (1992) 
work on the introduction of fixed effects into the nonlinear tobit model for the estimation. In 
addition, we use linear (ordinary least squares, OLS) fixed effects to validate the robustness of 
our results. Our comparison results in Table (Appendix B) suggest that the distance-based 
approach and the key qualitative results in this study are robust to issues related to econometric 
specifications. 
 

------------------------------------------ 
Insert Table 1 about here 

------------------------------------------- 
 
3.3 Estimation Model 
 
We use all 1*1 km2 meshes with high-tech firms and their surrounding meshes as the research 
area because the high-tech industry has a strong clustering effect. We assume that it is possible 
for a new high-tech startup to be sited in any of the meshes in the research area, and that the 
decision is made at time 𝑡𝑡 − 1, taking the industrial environment and university research output 
as given; then, the new firm is born at the next period time 𝑡𝑡. Therefore, for mesh 𝑖𝑖 time 𝑡𝑡, 
when we consider the core independent variable as paper (patent is the same). 
 
ℎ𝑡𝑡𝑖𝑖,𝑡𝑡 = 𝛼𝛼0 × 𝐻𝐻𝐻𝐻𝐻𝐻𝑖𝑖,𝑡𝑡 
              +𝛽𝛽0 × 𝑒𝑒𝑒𝑒𝑒𝑒_𝑛𝑛𝑛𝑛𝑒𝑒𝑛𝑛𝑡𝑡𝑒𝑒𝑛𝑛𝑡𝑡_𝑙𝑙𝑛𝑛𝑙𝑙𝑛𝑛𝑙𝑙𝑖𝑖,𝑡𝑡−1 + 𝛽𝛽1 × 𝑒𝑒𝑒𝑒𝑒𝑒_𝑛𝑛𝑛𝑛𝑒𝑒𝑛𝑛𝑡𝑡𝑒𝑒𝑛𝑛𝑡𝑡_𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑒𝑒𝑏𝑏1𝑖𝑖,𝑡𝑡−1

+ 𝛽𝛽2 × 𝑒𝑒𝑒𝑒𝑒𝑒_𝑛𝑛𝑛𝑛𝑒𝑒𝑛𝑛𝑡𝑡𝑒𝑒𝑛𝑛𝑡𝑡_𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑒𝑒𝑏𝑏2𝑖𝑖,𝑡𝑡−1 
              +𝛾𝛾0 × 𝑒𝑒𝑒𝑒𝑒𝑒_𝑒𝑒𝑛𝑛𝑡𝑡𝑒𝑒𝑛𝑛𝑡𝑡_𝑙𝑙𝑛𝑛𝑙𝑙𝑛𝑛𝑙𝑙𝑖𝑖,𝑡𝑡−1 + 𝛾𝛾1 × 𝑒𝑒𝑒𝑒𝑒𝑒_𝑒𝑒𝑛𝑛𝑡𝑡𝑒𝑒𝑛𝑛𝑡𝑡_𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑒𝑒𝑏𝑏1𝑖𝑖,𝑡𝑡−1

+ 𝛾𝛾2 × 𝑒𝑒𝑒𝑒𝑒𝑒_𝑒𝑒𝑛𝑛𝑡𝑡𝑒𝑒𝑛𝑛𝑡𝑡_𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑒𝑒𝑏𝑏2𝑖𝑖,𝑡𝑡−1 
              +𝜆𝜆0 × 𝑒𝑒𝑛𝑛𝑒𝑒𝑒𝑒𝑏𝑏_𝑙𝑙𝑙𝑙𝑖𝑖,𝑡𝑡−1 + 𝜆𝜆1 × 𝑒𝑒𝑛𝑛𝑒𝑒𝑒𝑒𝑏𝑏_𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑒𝑒𝑏𝑏1_𝑙𝑙𝑙𝑙𝑖𝑖,𝑡𝑡−1 + 𝜆𝜆2 × 𝑒𝑒𝑛𝑛𝑒𝑒𝑒𝑒𝑏𝑏_𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑒𝑒𝑏𝑏2_𝑙𝑙𝑙𝑙𝑖𝑖,𝑡𝑡−1 
              +𝜏𝜏𝑖𝑖 + 𝜖𝜖𝑖𝑖,𝑡𝑡 
 
where 𝜏𝜏𝑖𝑖 is the term for id-level fixed-effect, 𝜖𝜖𝑖𝑖,𝑡𝑡 is an idiosyncratic error and the 𝑒𝑒𝑛𝑛𝑒𝑒𝑒𝑒𝑏𝑏_𝑙𝑙𝑙𝑙𝑖𝑖,𝑡𝑡−1 
is one variable where the term 𝑙𝑙𝑙𝑙 representing the accumulative year for 3 cases- 3/5/10 years 
(e.g., for 3 years, line four in the above formula is expressed as 𝑒𝑒𝑛𝑛𝑒𝑒𝑒𝑒𝑏𝑏_𝑙𝑙3𝑖𝑖,𝑡𝑡−1 , 
𝑒𝑒𝑛𝑛𝑒𝑒𝑒𝑒𝑏𝑏_𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑒𝑒𝑏𝑏1_𝑙𝑙3𝑖𝑖,𝑡𝑡−1 and 𝑒𝑒𝑛𝑛𝑒𝑒𝑒𝑒𝑏𝑏_𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑒𝑒𝑏𝑏2_𝑙𝑙3𝑖𝑖,𝑡𝑡−1). 
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The first row of the formula represents the diversity of regional industries; the second and third 
rows represent the localization and urbanization effects due to the distribution of employees in 
high-tech and other industries, respectively; and the fourth row represents the core variable 
knowledge spillover effects from university research. As patent data start from 2004, we 
regressed them separately from the paper’s data. 
 

------------------------------------------ 
Insert Table 2 about here 

------------------------------------------- 
4. Results 
 
4.1 Initial Results 
 
Table 3 (a)(b) present estimates for the tobit fixed-effects models, using respectively core 
variables: total numbers of paper in past 3/5/10 years and patents in past 3/5/10 years. The 
number of areas with fixed-effects is shown at the bottom of the table, and likelihood ratio test 
statistics reject the hypothesis that the fixed effects of each meshes are jointly equal to zero, 
which testify that the exitance of with-/across-city variation in even 1*1km2 local mesh-level 
attributes, like natural source, policy and geographical location, etc. 
 

------------------------------------------ 
Insert Table 3 (a)(b) about here 

------------------------------------------- 
 
First, by combining the results of papers and patents, the signs of the regression coefficients 
become more consistent with significance. Taking the results of the paper data as an example 
(Table 3 (a)), the Herfindahl index shows a significant negative correlation in terms of the 
impact of diversity of the local industry, a result that is contrary to the findings of Glaeser et 
al. (1992); however, it only shows that high-tech startups prefer to locate in areas where their 
industry is concentrated and monopolized, which can facilitate the recruitment of higher-
quality and highly skilled employees and enjoy the industrial agglomeration effect. Moreover, 
in most cases (paper and patent) for the birth of high-tech startups, localization effects 
(employment in firms with patents) and urbanization effects (employment in firms without 
patents) are significantly positive and have strong distance attenuation effects; these effects are 
particularly strong locally and within 2 km, which is consistent with Rosenthal and Strange 
(2003). However, a finding that differs from those of previous studies is that urbanization 
effects are almost 10 times stronger than localization effects. A possible explanation is that 
both these effects represent the labor pool for a region, and the circulation of these high-level 
employees in high-tech industries may not be frequent. The potential workforce within a region 
is something those emerging high-tech startups prefer to cultivate. In our case, the number of 
high-tech startups is quite small, and many meshes do not have firms with patents under a long 
time series, so the boundary effect of employee density of firms with patents is weaker than 
that of other firms. This scenario can be verified if the industries are further divided.  
 
We now turn to our most important results: papers and patents. In principle, we can use as 
many buffers as we wish to when evaluating the distance of a knowledge spillover. However, 
in practice, it is necessary to aggregate geographic details to maintain a concise specification. 
After some experimentation, we eventually chose to use the local mesh, buffer 0-2 km, and 2-
7 km, which is also consistent with the geographical characteristics of the research area and its 
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proximity to universities (see 3.1.3). Returning to Table 3 (a) and (b), for all our cases, the 
spillover effects of both papers and patents attenuate with distance–rapidly at the first buffer 
(0-2 km) and slowly thereafter (2-7 km). The attenuation pattern implied by these estimates is 
highlighted at the bottom of the tables, where we calculate the coefficient change per kilometer 
in university knowledge spillover effects for the establishment of high-tech startups. 
 
To understand the magnitude of these estimates, we considered the total number of papers in 
the past three years (Table 3 (a) paper_l3). For our core variables, adding an average of 1000 
papers in local papers can nurture around 0.56 high-tech startups, whereas adding 10000 papers 
in the surrounding 5*5 km2 except for the local mesh, would result in 0.19 high-tech startups 
in the local mesh the next year. 
 
Second, when comparing patents and papers (e.g., papers and patents in the past three years, 
also referring to Fig.3.), we find that patents are more private and localized than papers and 
that the distance attenuation pattern of patents is stronger. In terms of the average decay values, 
the spillover effects from patents show a rapid and consistent downward trend, both from local 
to 0-2 km and from 0-2 km to 2-7 km. This may be due to the fact that the patent information 
that is publicly accessible does not disclose specific information about the core technology, 
which does not facilitate the acquisition of knowledge by high-tech startups that need to rely 
strongly on original ideas. Thus, high-tech startups need to enjoy the spillover effects of 
university patents through human interaction or industry-academia alliances. Another benefit 
of proximity to a university is that it is easier to employ graduates of the university's related 
disciplines to capture knowledge spillover from the university. On the other hand, for more 
codified format like paper research, there are many ways of access available and a weaker 
reliance on interaction and the proximity to the university than for patents. Additionally, the 
technical content included in this paper is more specific, facilitating learning and deriving 
applications for high-tech startups. This finding is consistent with those of Henderson et al. 
(1998) and Jaffe et al. (1993). 
 
4.2 Validations 
 
We found that the research density in the region is relatively stable, which raises the question 
of whether, if the research output from universities is stable, then there may be a problem of 
covariance between our core variables and the fixed effects representing regional 
idiosyncrasies. Thus, the distance and strength of knowledge spillovers cannot be captured 
using the distance-based approach proposed in this paper. 
 
To further validate this, we categorize all observations in two parts according to the distance 
from the university of 4.5 km (the median distance is about 5.2 km, and we have experimentally 
tried buffer of 4.5-7 km which is similar to that median, 7-9.5 km buffer as well) as the 
boundary value - less than 4.5 km represents those regions that have at least one university 
locally and in their Jcode area, while greater than 4.5 km represents these research regions that 
can only receive knowledge spillover from universities in surrounding regions. 
 
We validated this idea using the total number of papers published in the past three years and 
only cut the regression results of our core variable. The regression result is shown in Table 4. 
For observations with the nearest university far from 4.5 km, we counted the total number of 
papers in buffers 4.5-7 km and 7-9.5 km as core variables. 
 

------------------------------------------ 
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Insert Table 4 about here 
------------------------------------------- 

 
Knowledge spillover effects from universities remain significant for research areas owned by 
universities locally or internally, while distance-attenuating effects are also observed, but with 
changes in coefficients. This is because these observations have at least one university within 
a relatively close range and, therefore, do not capture the same distance cost of knowledge 
spillovers as Table 3 (a). Correspondingly, research areas without a university within 4.5 km 
could only receive research spillovers from universities in other regions. The results indicate 
that spillover effects from universities in other regions exist and have a significant positive 
effect on the local birth of high-tech startups. However, owing to distance, the coefficient 
becomes relatively small. These results indicate that the research methodology and findings 
are robust. 
 
In addition, we rerun regressions using a linear model (OLS) with fixed effects for the past 
three years of papers and patents, and compare the results with a non-linear tobit model (see 
Appendix B). The results show that the regression coefficients and significance obtained from 
OLS remain largely consistent with those of the tobit model, further demonstrating that the 
main findings of this study are robust and not subject to different econometric specifications. 
 
Finally, we validated the possible impacts of different geocoding methods. In the methodology 
section (see Section 3.1.2), we mention that the geocoding of the paper data was fuzzy matched 
by the university campus information provided by MEXT to the relevant fields (university 
name/department/address) of the paper in the WOS database, while most of the university 
patent data were identified by the applicant headquarters (the main campus). Therefore, we 
need to verify whether the conclusions of this study hold after recording paper data with the 
same geocoding addresses as the patents. 
 
The process of recording the paper data is relatively simple. In the patent data, most universities 
have only one address. For universities with multiple addresses, we assigned this paper to the 
campus closest to it by calculating the distance between each existing address of the paper 
(previously geocoded) and these multiple addresses (in patents) to retain as much information 
as possible about the density of university research activities. 
 
We replaced the paper data and re-ran the regression; the detailed results are shown in Table 
(Appendix C). The regression coefficients of the core variables were visually graphed. The 
horizontal coordinates in Figure 3 represent the geographic proximity-local, 0-2 buffer and 2-
7 buffer. The vertical coordinates locally set the effect of each regression of university effects 
(paper or patent) to one.  
 

------------------------------------------ 
Insert Figure 3 about here 

------------------------------------------- 
 
We can see that the benefit of proximity to the university drops sharply when located 0-2 km 
apart rather than 2-7 km. For the re-geocoded paper data, a distance decay effect was present, 
and the coefficients of the regression remained consistent with the previous trend. In addition, 
patent data remain more localized and private, which is consistent with the previous findings 
of this study.  
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5. Conclusions and Discussion 
 
The relationship between university research and innovation activities and regional economic 
development is an important element in regional economic research. In the context of the 
knowledge-based economy, the scientific and technological innovation capacity of universities 
plays the role of leading social innovation and is an important driving force for regional 
economic development. This study uses the number of new high-tech startups in the region as 
an entry point, based on a small-scale mesh, to capture the specific distance and intensity of 
knowledge spillover from university research. In contrast to many previous studies based on 
MSA, the main contribution of this study is that it was conducted in a fine-grained research 
area and includes geographical proximity information in variables, enabling an accurate 
assessment of the specific extent of knowledge spillover effects. 
 
5.1. Summary of the proposed method 
 
In terms of data, mainly three types of data are used in this paper. The data for Japanese 
companies were derived from TSR's corporate survey data and paper and patent data from 
Japanese universities (121 national, public, and private universities). The data were cleaned 
and processed using manual annotation and natural language processing (NLP) based methods 
to ensure data accuracy. In terms of the designed methodology, this study used a 1*1 km2 grid 
to divide Japan, where 11,399 meshes were selected as the research area based on historical 
company data. Based on the nature of the research area (mesh) and its proximity to the 
university, two buffer sizes of 0-2 km and 2-7 km were designed for each mesh to capture the 
extent of the knowledge spillover effects. To evaluate the model, fixed effects were introduced 
for each mesh to control for the possible effects of spatial autocorrelation and the differences 
brought about by idiosyncrasies in the 1*1 km2 area. We conducted regressions using tobit and 
OLS respectively, and obtained consistent results. 
 
5.2. Summary of empirical analyses 
 
In the third part of this study, we developed several variables containing geographical 
proximity information to assess the strength of the knowledge spillover effects of university 
research at different distances. The regression results show that university research activities 
have a significant positive effect on high-tech startup incubations. The knowledge spillover 
effect from universities is particularly strong locally and at the 0-2 km buffer, and diminishes 
rapidly with distance. Additionally, knowledge spillovers from university patents are more 
localized and private than those from university papers. The distance decay effect was stronger 
and more persistent. 
 
In addition, our regression results are consistent with the findings of many previous studies. 
For example, high-tech firms have a strong industry clustering effect and prefer to be located 
in areas in which their own industry has a monopoly, which is consistent with the conclusions 
of Lechner and Leyronas (2012) and Moretti (2021). Moreover, all variables that include 
geographic proximity information show a distance attenuation effect, which is consistent with 
the existence of agglomeration economies of the kind qualitatively studied by Rosenthal and 
Strange (2003) and Saxenian (1996). 
 
5.3. Implications for practice and governance policy 
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From a methodological perspective, the method proposed in this paper differs from previous 
research in that, in principle, it is possible to design observation areas of arbitrary scale to 
capture knowledge spillover effects at any distance. This allows subsequent studies on 
knowledge spillovers to move away from reliance on geographical boundaries or 
administrative regions.  
 
In this sense, high-tech startups that are about to start or wish to start a business can better 
choose the location of their business by considering the price of land, concentration of 
industries, and distance from the university to better enjoy the benefits of the university as a 
source of knowledge. In the long run, this will promote the formation of better industrial 
clusters in various high-tech industries and build an improved regional innovation system. 
 
On the other hand, we can enable the government to know more precisely the extent of 
knowledge spillover from university research and its intensity at different distances to better 
formulate policies that encourage high-tech firms to be located at the right distance to enjoy 
this spillover effect. In addition, regions further away from universities can only benefit from 
spillovers from university research at a distance from other regions. Therefore, for regions with 
zero or low research density, the government should encourage universities to operate in the 
region in order to boost local research output, drive innovation capacity and capability, and 
better promote the local economy. Simultaneously, the government should drive the industry, 
and academia to provide policy and financial support and cooperation in terms of long-term 
top-level planning, medium-term mechanism improvement, and short-term project 
development and strengthen research exchanges and innovation cooperation activities between 
regions so that low research density can reap the benefits of the knowledge economy from 
other means and realize the joint development of innovation and economy in each region. 
 
Finally, university research, as a source of knowledge spillover, plays an important role in the 
innovation development and economy of both the region and the surrounding areas. 
Universities responsible for the research on new technologies and theories and the training of 
highly skilled personnel should place greater emphasis on investing in research infrastructure 
and rewarding research results. Simultaneously, universities should make cutting-edge 
technology and knowledge more widely available in their regions through lectures and other 
forms to increase the efficiency of knowledge spillover and drive better regional innovation 
and economic development. 
 
5.4. Limitations and future work 
 
Despite the aforementioned merits, this study has several limitations. Firstly, the data used in 
this paper has been geocoded using manual annotation and NLP-based matching methods due 
to the availability of the original data sample. For papers that do not contain any address or 
institutional information in the original data, arbitrary classifications may be based on 
programming. Second, the 11,399 research areas selected in this study represent only 2% of 
Japan's land area due to limitations in research objectives and computing power and may have 
overlooked some potential innovation cluster areas. Finally, based on the statistical information 
of the research areas and their proximity to universities, only two buffers of 0-2 km and 2-7 
km were used in this paper; in fact, the method in this paper can construct buffers of any size 
to more accurately evaluate the distance effect of knowledge spillover.  
 
Future work is expected to compare this approach with currently used spatial econometric 
methods (e.g., the spatial Durbin model, SDM) to demonstrate the applicability and accuracy 
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of the distance-based approach proposed in this paper. Moreover, this study evaluates the 
knowledge spillover effect of universities only from the perspective of geographical distance. 
Knowledge exchange between people as carriers is also an important part of society. The next 
development of another aspect of our work will be based on how to consider the parameter 
settings of geographical distance and social distance as two aspects of proximity to portray the 
behavior of knowledge exchange more closely to reality and to verify the influence of dynamic 
behavior among knowledge carriers on knowledge spillover. 
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Figure 1. Some examples of research area in big cities 

 

 
 

 
 

Figure 2. An example of research mesh in Bunkyo-ku (Tokyo) and it’s two buffers 
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Figure 3. University effects by distance between different geocoding treatments 
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Table 1. Selected Summary Statistics 
 

 Mean Std. Dev. No. 0’s * Max 

Firms with patent 
Births 1.084508 1.620414 5993 34 
Employment of firms with patent in 

id 590.424 7516.105 6255 261513 
0-2 km 10220.57 52167.35 9265 597961 
2-7 km 48942.94 142731.3 3417 788203 

Firms without patent 
Employment of firms with patent in 

id 1225.669 4007.206 1687 64085 
0-2 km 26323.96 70095.52 391 699084 
2-7 km 117601.6 262529 1905 1492353 

Paper 
In past 3 years, papers in 

id 102.6268 729.9115 22997 15080 
0-2 km 888.319 2322.981 16946 21079 
2-7 km 5260.003 8471.813 7893 46379 

In past 5 years, papers in 
id 162.3547 1167.162 22997 23974 

0-2 km 1392.752 3705.346 16936 33590 
2-7 km 8251.041 13545.54 7871 74305 

In past 10 years, papers in 
id 279.1395 2078.813 22997 42883 

0-2 km 2358.358 6575.248 16926 62923 
2-7 km 13995.21 24219.97 7857 140597 

Patent  
In past 3 years, patents in 

id 2.90583 37.14186 23713 1078 
0-2 km 47.00178 172.3893 19552 1951 
2-7 km 268.168 569.7983 12921 3598 

In past 5 years, patents in 
id 4.569414 58.95847 23705 1779 

0-2 km 73.97031 275.8365 19443 3230 
2-7 km 422.3249 916.0073 12831 5891 

In past 10 years, patents in 
id 7.523055 100.2357 23685 3454 

0-2 km 122.3188 475.4848 19232 6263 
2-7 km 698.5032 1599.909 12654 11216 

 
The births of high-tech and other firms are both in mesh (id-level). 
* Number of meshes for which the variable has a value of 0. 
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Table 2. The List of Variables and Their Explanations 
 

Variable name Explanation 

Depvar (mesh id-level) 

ht Number of new high-tech startups in year t (forward 1 year) 

Indepvar 

Industrial diversity (mesh id-level) in year t-1 

HHI 1 - Herfindahl index (by TSR industry code) 

Urbanization effects (mesh id-level) in year t-1 

emp_nopatent_local (firms without patent) employment in local (id) until year t-1 
emp_nopatent_buffer1 (firms without patent) employment in distance (0-2 km) until year t-1 
emp_nopatent_buffer2 (firms without patent) employment in distance (2-7 km) until year t-1 

Localization effects (fishnet id-level) in year t-1 

emp_patent_local (firms with patent) employment in local (id) until year t-1 
emp_patent_buffer1 (firms with patent) employment in distance (0-2 km) until year t-1 
emp_patent_buffer2 (firms with patent) employment in distance (2-7 km) until year t-1 

Paper or patent (mesh id-level) in year t-1 

paper_lx Number of papers among year t-x to year t-1 
paper_buffer1_lx Number of papers from year t-x to year t-1, distance (0-2 km) 
paper_buffer2_lx Number of papers from year t-x to year t-1, distance (2-7 km) 
patent_lx Number of patents from year t-x to year t-1 
patent _buffer1_lx Number of patents from year t-x to year t-1, distance (0-2 km) 
patent _buffer2_lx Number of patents from year t-x to year t-1, distance (2-7 km) 
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Table 3 (a). Birth of New High-tech Startups - univ. paper 
 
 paper_l3 paper_l5 paper_l10 

Diversity Effects 
ID Herfindahl Index -1.051*** -1.037*** -1.017*** 
 (-21.74) (-18.27) (-18.66) 

 
Urbanization Effects: Employment (firms without patent) in the .. 

Local 0.000267*** 0.000266*** 0.000267*** 
 (6.35) (6.96) (7.17) 
0 to 2 km ring 0.00000462* 0.00000435* 0.00000492 
 (2.20) (2.21) (1.57) 
2 to 7 km ring -7.57e-08 -0.000000270 -5.59e-08 
 (-0.17) (-0.76) (-0.11) 

 
Localization Effects: Employment (firms with patent) in the .. 

Local 0.0000223*** 0.0000225*** 0.0000216*** 
 (3.34) (3.19) (3.19) 
0 to 2 km ring 0.000000349* 0.000000228* 0.000000390** 
 (2.24) (2.15) (2.60) 
2 to 7 km ring 0.000000490 0.000000558** 0.000000152* 
 (1.79) (2.92) (2.26) 

 
University Effects: Papers in the .. 

Local 0.000524** 0.000391** 0.000306** 
 (2.71) (2.88) (2.79) 
0 to 2 km ring 0.000124 0.0000768 0.0000309* 
 (1.64) (1.67) (1.96) 
2 to 7 km ring 0.0000620*** 0.0000360*** 0.0000159*** 
 (3.65) (4.00) (5.33) 

 
Average Change in University Effect per KM from .. ++ 

local to 1 km ring -0.00040000 -0.00031420 -0.00027510 
1 to 4.5 km ring -0.00001771 -0.00001166 -0.00000429 
FE Num. of id 1462 1462 1462 

 
t statistics in parentheses 
* p<0.05, ** p<0.01, *** p<0.001 
++ Change per km is calculated by differencing the adjacent localization 
coefficients and dividing by the number of km(s) between the midpoints. 
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Table 3 (b). Birth of New High-tech Startups - univ. patent 
 
 patent_l3 patent_l5 patent_l10 

Diversity Effects 
ID Herfindahl Index -0.817*** -0.803*** -0.785*** 
 (-11.79) (-12.25) (-9.86) 

 
Urbanization Effects: Employment (firms without patent) in the .. 

Local 0.000225*** 0.000224*** 0.000223*** 
 (6.78) (6.35) (5.53) 
0 to 2 km ring 0.00000724*** 0.00000713*** 0.00000646*** 
 (3.54) (3.34) (3.35) 
2 to 7 km ring 0.000000890* 0.000000778* -0.000000145 
 (2.27) (2.04)  (-0.38) 

 
Localization Effects: Employment (firms with patent) in the .. 

Local 0.0000227* 0.0000227*  0.0000233* 
 (2.32) (2.26) (2.17) 
0 to 2 km ring 0.00000186 0.00000198  0.00000137* 
 (1.70) (1.60)  (1.98) 
2 to 7 km ring -0.000000636 -0.000000820* -0.000000210 
 (-1.17) (-2.09) (-0.43) 

 
University Effects: Patents in the .. 

Local 0.000388* 0.000298** 0.000318* 
 (2.46) (2.88) (2.37) 
0 to 2 km ring 0.0000203* 0.0000404 0.0000331 
 (2.06)  (1.62) (1.42) 
2 to 7 km ring 0.00000798* 0.00000982*** 0.0000110*** 
 (2.15) (3.99)  (4.01) 

 
Average Change in University Effect per KM from ..++ 

local to 1 km -0.00036770 -0.00025760 -0.00028490   
1 to 4.5 km -0.00000352 -0.00000874 -0.00000631 
FE Num. of id 1462 1462 1462 

 
t statistics in parentheses 
* p<0.05, ** p<0.01, *** p<0.001 
++ Change per km is calculated by differencing the adjacent localization 
coefficients and dividing by the number of km(s) between the midpoints. 
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Table 4. Comparison of the Presence or Absence of Universities Within 4.5km of a Region 
 

Papers in past 3 years in:  

Obs. With the nearest univ. <=4.5km  

Local 0.000417*** 
(3.97) 
 

0-2 km 0.000110*** 
(3.12) 
 

2-7 km 0.0000559** 
(2.80) 

Obs. With the nearest univ.>4.5km  

4.5 km- 6.19e-06*** 
(4.20) 
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Appendix B. Comparison of OLS and Tobit by Using Paper/Patent in Past 3 Years 
 
 (1) ols (2) tob 
 paper_l3 patent_l3 paper_l3 patent_l3 

Diversity Effects 
ID Herfindahl 
Index 

-0.0823*** 
(-21.69) 

-0.0869*** 
(-17.82) 

-1.051*** 
(-21.74) 

-0.817*** 
(-11.79) 

     
Urbanization Effects: Employment (firms without patent) in the .. 

Local 0.000232*** 
(215.61) 

0.000208*** 
(138.73) 

0.000267*** 
(6.35) 

0.000225*** 
(6.78) 

0 to 2 km ring 0.00000462*** 
(49.22) 

0.00000601*** 
(48.65) 

0.00000462* 
(2.20) 

0.00000724*** 
(3.54) 

2 to 7 km ring -0.000000298*** 
(-11.24) 

0.000000125*** 
(4.65) 

-7.57e-08 
(-0.17)  

0.000000890* 
(2.27) 

     
Localization Effects: Employment (firms with patent) in the .. 

Local 0.0000306*** 
(81.69)  

0.0000269*** 
(58.92) 

0.0000223*** 
(3.34) 

0.0000227* 
(2.32) 

0 to 2 km ring 0.00000399*** 
(12.82)  

0.00000126*** 
(7.53) 

0.000000349* 
(2.24)   

0.00000186 
(1.70) 

2 to 7 km ring 0.000000863*** 
(6.93) 

0.000000658*** 
(3.32) 

 

0.000000490 
  (1.79) 

-0.000000636 
(-1.17) 

University Effects: Papers or Patents in the .. 
Local 0.000451*** 

(13.76) 
0.000339*** 

(11.27) 
0.000524** 

(2.71) 
0.000388* 

(2.46) 
0 to 2 km ring 0.000147*** 

(9.08) 
0.0000316*** 

(3.72)   
0.000124 

(1.64) 
0.0000203* 

(2.06) 
2 to 7 km ring 0.0000673*** 

(8.55) 
0.00000718* 

(2.14) 
0.0000620*** 

(3.65) 
0.00000798* 

(2.15) 
_cons 0.106*** 

  (32.09) 
0.132*** 
(42.20) 

 

  

Average Change in University Effect per KM from ..++ 
local to 1 km -0.00030400 -0.00030740 -0.00040000 -0.00036770 
1 to 4.5 km  -0.00002277 -0.00009698 -0.00001771 -0.00000352 
FE Num. of id 1462 1462 1462 1462 

 
t statistics in parentheses 
* p<0.05, ** p<0.01, *** p<0.001 
++ Change per km is calculated by differencing the adjacent localization 
coefficients and dividing by the number of km(s) between the midpoints. 
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Appendix C. Re-geocoding Paper Data with the Same Addresses Encoding as Patent (the 
Following Result Using Paper/Patent in Past 3 Years) 
 
 (1) Original regression (2) New paper geocoding 
 paper_l3 patent_l3 paper_l3* 

Diversity Effects 
ID Herfindahl Index -1.051*** -0.817*** -1.081*** 
 (-21.74) (-11.79) (-23.05) 

 
Urbanization Effects: Employment (firms without patent) in the .. 

Local 0.000267*** 0.000225*** 0.000270*** 
 (6.35) (6.78) (6.70) 
0 to 2 km ring 0.00000462* 0.00000724*** 0.00000481** 
 (2.20) (3.54) (2.59) 
2 to 7 km ring -7.57e-08 0.000000890* 0.000000269 
 (-0.17) (2.27) (0.85) 

 
Localization Effects: Employment (firms with patent) in the .. 

Local 0.0000223*** 0.0000227* 0.0000221* 
 (3.34) (2.32) (2.12) 
0 to 2 km ring 0.000000349* 0.00000186 0.000000557* 
 (2.24) (1.70) (2.33) 
2 to 7 km ring 0.000000490 -0.000000636 0.000000435 
 (1.79) (-1.17) (1.28) 

 
University Effects: Papers in the .. 

Local 0.000524** 0.000388* 0.000455* 
 (2.71) (2.46) (2.25) 
0 to 2 km ring 0.000124 0.0000203* 0.000128** 
 (1.64) (2.06) (2.89) 
2 to 7 km ring 0.0000620*** 0.00000798* 0.0000490** 
 (3.65) (2.15) (2.87) 

 
Average Change in University Effect per KM from ..++ 

local to 1 km -0.00030400 -0.00030740 -0.00032700 
1 to 4.5 km -0.00002277 -0.00009698 -0.00002257 
FE Num. of id 1462 1462 1462 

 
t statistics in parentheses 
* p<0.05, ** p<0.01, *** p<0.001 
++ Change per km is calculated by differencing the adjacent localization 
coefficients and dividing by the number of km(s) between the midpoints. 
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